Quality Diversity

Generating a repertoire of good solutions
Jgrgen Nordmoen, September 30, 2016
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Introduction
Why do we need "Quality Diversity”?
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The basics of Evolutionary Algorithms (EAs)

An EA consist of:
» Population of solutions

Fitness

» Fitness function
» Mutation and recombination
operators

Solution space
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Genotype

A solution in the EA: Ej

> Represented with a
Genotype

Phenotype

» Expressed with a Phenotype

We apply the fitness function to the phenotype and the mutation
and recombination operators to the genotype.
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Stopping? ||]|:> Solution!
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Some observations

» Convergent search (global optimization)

» Selecting the "best” solutions
» Homogenizing the "gene pool”
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Some observations

» Convergent search (global optimization)
» Selecting the "best” solutions
» Homogenizing the "gene pool”
» Fitness and variation operates on different* representations

» Evaluate phenotype
» Change genotype
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Some observations

» Convergent search (global optimization)

» Selecting the "best” solutions
» Homogenizing the "gene pool”

» Fitness and variation operates on different* representations

» Evaluate phenotype
» Change genotype

» Can't separate solutions with the same fitness

» Selection does not differentiate how the fitness is expressed
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From Samuelsen and Glette!
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Background
What is "Quality Diversity"?
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Novelty Search?

» Introduction of divergent
search

» Deceptive problems are hard
for fitness based EA

» Searching for "interesting”
solutions better than "good”
solutions

» Archive of previous solutions

September 30, 2016 13

UNIVERSITY

OF OSLO




Behavioral diversity3

> Use expressed behavior as
objective
» Combine global fitness
and behavior in
multi-objective
optimization

» Overcomes problems with
similar fitness

» Expressed behavior can be

simple and easy to calculate ; i
Dy = [V — ]|
Novelty and behavioral diversity bears a striking resemblance
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Novelty Search with Local Competition*

» Diversity on its own is not enough
» Global quality is still convergent

» Let niches evolve and have competition only inside niches!

» Local competition allows each niche to become proficient
» Novelty measured against whole population and archive
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Novelty Search with Local Competition*
il 4 -
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Behavioral Repertoire Learning in Robotics®
A

> Treat the novelty archive as ML
a repertoire = ey
» New solutions that are not L E T
novel, but better replaces A T
. LT '
older solutions " A
» Select desired behavior from AN
repertoire as needed
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llluminating search spaces by mapping elites®

Initial map

» Divide behaviors into bins
Behavior characteristics is
the axis

» Fitness decides if a solution
is put in a bin

» Easily search grid for best
solution to current problem
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Summary

» Divergent search

» Quality among "similar”
expressions

» "Behavior” is the important
metric

September 30, 2016

“... the goal of this new type of
search, called quality diversity
(QD), is to find a maximally
diverse collection of individuals
(..) in which each member is as
high performing as possible."”
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Current research

Current research and challenges with Quality Diversity
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Examples of real-world experiments

» Robots that can adapt like
animals®

» Evolving a Behavioral
Repertoire for a Walking
Robot?

» EvoRBC: Evolutionary
Repertoire-based Control for
Robots with Arbitrary
Locomotion Complexity'°
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Examples of real-world experiments

Step 1. Repertoire generation Step 2. Behavior mapping Step 3. Arbitrator evolution

NAA Behavior arbitrator
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Encoding matters!!

» Direct better than
generative encoding (?)

» Generative encoding usually
changes significantly

» Small influence on real-world
tests!
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Alignment of behavioral characteristics (BC)

» Alignment is how well the BC is matched with fitness
» Pugh et al.” showed that
» Choice of alignment is important in deceptive problems
» Using multiple alignments can be used, but might not generate
better results
» Auerbach et al.'? showed that

» BC drives the search in different directions
> Novelty Search and MAP-Elites needs different types of
alignment
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Evolving generalists!3

11T

» Quality Diversity algorithms
creates specialists e

» Need to encourage each
solution to acquire new skills
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Open questions

» Isn’t this just brute-force?
» How is this different from multi-objective optimization?

» Isn't this just moving all knowledge into behavior
characteristics?
» |Is Quality Diversity just a result that we can throw more
compute power at the problem?
» Can't we solve the same problem with regular EAs with larger
populations?
» Aren't the problems just so artificial that "Novelty” must win?
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"Take home message”

» Quality Diversity is new way to think about searching

» Diversity can create stepping stones to future solutions
» Quality is important to direct the search
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